In 2002, the Israeli government decided to build a wall inside the occupied West Bank. The wall had a marked effect on the access to land and water resources as well as to the Israeli labour market. It is difficult to include the effect of the wall in an econometric model explaining poverty dynamics as the wall was built in the richer region of the West Bank. So a diff-in-diff strategy is needed. Using a Bayesian approach, we treat our two-period repeated cross-section data set as an incomplete data problem, explaining the income-to-needs ratio as a function of time invariant exogenous variables. This allows us to provide inference results on poverty dynamics. We then build a conditional regression model including a wall variable and state dependence to see how the wall modified the initial results on poverty dynamics. We find that the wall has increased the probability of poverty persistence by 58 percentage points and the probability of poverty entry by 18 percentage points.
Introduction
Speaking about the Israeli-Palestinian conflict, Atran et al. (2007) concluded their article devoted to exploring sacred values and conflict resolution by the following words: "We urgently need more scientific research to inform better policy choices". The aim of the present paper is to shed some light on the economic consequences in terms of poverty dynamics on the Palestinian population of what is called by the Israeli government a separation wall, a security fence. The building of this wall was decided in 2002, after many political discussions, in order to prevent terrorist attacks starting from the West Bank. It was presented by the Israeli Government as being temporary, meant to be destroyed after peace negotiations. However, as underlined in Leuenberger (2016) , "other factors were equally, if not more, influential, such as: demography, location of water aquifers, as well as the inclusion of (what under international law are considered illegal) Jewish settlements within the Occupied Palestinian Territories, inside Israeli-controlled territory. Assessments of the Barrier's function can thus quickly become mired in controversy." As a matter of fact, this security fence is called a wall of apartheid by the Palestinians while the simple term wall is used by the International Court of Justice. 1 Where does the controversy comes from? probability of being unemployed. In an anthropological paper, Bornstein (2001) argues that the wall does not make it impossible for Palestinian workers to illegally enter Israel, but it makes it impractical on a daily basis. The segregation policy forces Palestinian workers without permits to stay hidden for weeks on construction sites and in factories, due to the risk of being arrested. This increased risk either discourages Palestinians from working in Israel or may imply long term life deterioration, including reduction in income and consumption, for those subject to this risk. In both cases, households are pushed into chronic poverty traps.
Evidence for eastern and southern African countries (Jayne et al. 2003) shows that land distribution among smallholders is related to income poverty. In the occupied Palestinian territory, land access restrictions and land confiscations render land prices excessively steep (World Bank 2008) . This resulted in higher asset-value inequality and income inequality between Palestinians who own or work in lands behind the wall and Palestinians who own highly demanded lands on the eastern side of the wall.
Negative consumption and income shocks in conflict areas may have long-term effects on school drop-out, displacement, nutrition and health status deterioration, which may imply a chronic poverty status (Carter and Barrett 2006; Ibañez and Moya 2010) . Moreover, if shocks persistently result in asset losses or in inaccessibility to their location, income can fall below the critical threshold for several periods and households will be more likely to fall into chronic poverty (Dercon 1998) . Households subject to shocks usually refer to credit markets or sell part of their non-productive assets as a strategy of adjustment to shocks, but credit markets exclude low-income and low-asset households. Thus, the initial condition of a low consumption level with insufficient asset-base pushes households into poverty traps (Zimmermann and Carter 2003; Carter and Barrett 2006; Reynolds 2015) .
Evidence is found in the literature for a downward spiral of poverty and resource degradation. Poor people over-use existing accessible resources due to high population growth, limited access to resources and inequality in resource allocation. Overuse leads again to resource degradation and increasing poverty (Cleaver and Schreiber 1994; Forsyth and Scoones 1998; Scherr 2000) .
A similar case under colonisation and resource access restrictions in recent history is South Africa, where black South Africans had no access to certain resources including land and water. Five years after the fall of the apartheid regime, poverty prevalence was still increasing among black South Africans with a high probability of chronic poverty (Carter and May 2001) . Candidates for chronic poverty in South Africa are mostly black, female, rural, people with health problems, elderly and farm workers (Aliber 2003) . Moreover, education is found to be an important factor in poverty dynamics determination (Jalan and Ravallion 2000; Fuwa 2007) .
The objective of this paper is to measure poverty dynamics and income mobility in the occupied Palestinian territory and its determinants. We focus on the West Bank region, excluding the Gaza Strip, but including the Jerusalem area behind the wall. The focus on Palestinians in the West Bank only is for two reasons. First, the wall exists neither in the Gaza Strip nor in Jerusalem. The wall does not prevent Palestinians living in Jerusalem from working in Israel. Second, poverty dynamics and patterns are different in the Gaza Strip and in Jerusalem from what they are in the West Bank. In the Gaza Strip, poverty is due to closure and wars. In Jerusalem, Palestinians are more likely to work in Israel, but they are constrained by Israeli fiscal policies and they are consuming at Israeli prices.
To quantify the impact of the wall on poverty dynamics, we use the model of Cappellari and Jenkins (2004) which provides a convincing approach to modelling poverty entry and poverty persistence. However, the only data we have are provided by the Palestinian Expenditure and Consumption Survey (PECS) collected for the years 1998, 2004 and 2011, which are repeated cross-sections. For the years 2004 and 2011, the PECS contains a geographical variable indicating if a household is located or not in a zone impacted by the wall. We introduce a new Bayesian method of generating pseudo panels, treating the question as an incomplete data problem. Inside the loop of a Gibbs sampler, we explain the income-to-needs ratio using time invariant data for 2004 and 2011 to generate the missing values. Then we use both observed and latent variables to explain the income-to-needs ratio for 2011, this time conditionally on being poor in 2004 and being affected or not by the wall. We have thus two ways of measuring poverty dynamics and the final effect of the wall on poverty dynamics is determined by a difference between a marginal probability and a conditional probability taking into account the effect of the wall.
The paper is organised as follows. After this introduction, Section 2 describes the Palestinian Expenditure and Consumption Survey, and discusses the definition of the poverty line. Section 3 proposes a first measure of the impact of the wall on poverty and shows how a naive strategy would provide wrong results. Section 4 presents a new model for poverty dynamics and shows how this model can be adapted for a repeated cross-section in a Bayesian framework and how the impact of the wall can be measured. Then, Section 5 presents our empirical results. Conclusions and recommendations are presented in the last section.
The Palestinian Expenditure and Consumption Survey
We use three waves (1998, 2004 and 2011) of the Palestinian Expenditure and Consumption Survey as provided by the Palestinian Central Bureau of Statistics (PCBS). Details of the main variables are given in Appendix A. We focus in this section on income, consumption and the definition of poverty.
Income, Consumption and Family Composition
In low-income countries, a definition of poverty is usually based on household's consumption level instead of income. The adoption of this definition is mainly due to the consumption of self-produced goods. Poverty status is defined as an indicator variable if the household's consumption is below the poverty line. The two variables, household consumption and poverty line have to be made compatible in terms of household composition. In 1998 and 2004, the average household composition according to 1996 census was 2 adults and 4 children. In 2011, the average household composition according to 2007 census was 2 adults and 3 children. The poverty line is defined by the PCBS for a representative household and thus has not exactly the same content in 1998 and in 2004 on the one hand and 2011 on the other. We report the values of the poverty line in Table 1 for an average household composition. 
Poverty Lines
We have to make the household consumption level compatible with that used in official poverty lines. For doing so, we adopted the Oxford (old OECD) equivalence scale. The elasticity of consumption is usually high using the Oxford equivalence scale, and well adapted to the economic situation of the West Bank where, in 2004, 20% of our sample concerns households living in camps. 3 The Oxford equivalence scale is N i = 1 + 0.7N a + 0.5N C where N a is the number of adults other than the household head and N c the number of children under 15 years in household i. To obtain a figure compatible with official poverty line, household consumption is divided by N i (its equivalised size) and then multiplied by (1.7 + 0.5 × 4) for 1998 and 2004 and by (1.7 + 0.5 × 3) for 2011. It is interesting to compare, in Table 1 , these official poverty lines to other definitions of relative poverty lines. The official poverty line is close to relative poverty lines, representing roughly 55-60% of the median consumption. It is much lower than the corresponding Israeli poverty line of 5,301 NIS in 2011. The relative poverty line of 50% of the mean is well below the official line in 2011 due to an increase in inequality. The Gini index is 0.328 for 1998 and 2004 and is 0.339 in 2011.
Stylised Facts and Empirical Strategy
The wall's effect is represented by a variable provided by the PCBS. This is a geographical variable documenting the location of a household, using three criteria. The first criterion is Jerusalem and those households are un-impacted. The two other criteria are if a household located in the West Bank is situated or not in a geographical zone that has lost lands because of the building of the wall. This variable is available only for 2004 and 2011. We shall see that the measured effect of this variable can be misleading if not treated properly. An appropriate empirical strategy is required.
Stylised Facts around the Wall
The wall variable is a limited definition of the effect of the wall as it does not take into account the limitations concerning access to the labour market. Households which are located in Jerusalem have different consumption patterns and the wall does not prohibit them from working in Israel. An indicator variable for Palestinians living in Jerusalem has to be used as a control variable.
Poverty Rates
In Table 2 , we report overall poverty rates using the official poverty line in the first column, and in the next columns we decompose the same head count indicator for three sub-populations. The overall poverty rate has increased after the Israeli closure policy in 2000 and during the construction of the wall (between 2002 and 2004) . Poverty then decreased in 2011, without returning to its level of 1998. For 2004 and 2011, the indicator variable wall allows us to assess the difference between Jerusalem and the rest of the West Bank. Poverty is very low in Jerusalem, much higher in the West Bank, but significantly lower in the region where the wall was built and said to have impacted the population. This simply means that the wall was built in the richer part of the West Bank, confirming the analysis reported in the introduction. If we use a simple differences-in-differences approach, poverty has diminished by 22.9 − 18.0 = 4.9 percentage points in the un-impacted region while it diminished by only 15.6 − 12.2 = 3.4 percentage points in the impacted region, which makes an excess of 4.9 − 3.4 = 1.5 percentage points. The wall had clearly an impact on the dynamics of poverty, a fact that requires further investigation. Access to a public water network has increased for all categories, and because the wall was built in the richer region, average access to water is greater in the impacted region than in the un-impacted region. However, the increase for un-impacted households is greater than for impacted households, leading to a diff-in-diff of 6.7 − 0.3 = 6.4. 3.1.3. Poverty and Access to Natural Resources
As indicated in the introduction, access to land and water resources may have an important impact on poverty and notably on chronic poverty status. Table 4 illustrates the poverty rates in 1998, before the wall's construction, in 2004 just after the wall construction, and seven years later in 2011, as a function of access to natural resources. These rates follow the same general pattern as those depicted in Table 2 (rise between 1998 and 2004 and a slight decrease in 2011, but without going back to the level of 1998 most of the time). However, we can note two major facts. Poverty is higher when there is no access to natural resources (land and public water), but the fluctuations are greater for those who had a profitable economic activity related to land ownership and access to public water network, which could mean that the effect of the wall was greater for those households. Table 4 . Poverty rates by access to resources.
Population Group 1998 2004 2011
Non-connected to the public water network 22. Land ownership is a simple dichotomous variable with 1 for TRUE. Access to water has varying items. For 1998, the variable WAT meant 1 = piped supply, 2 = public tap, 3 = well, 4 = tanker, 5 = other. For 2004, the variable h12a meant 1 = public network 2 = private system 3 = no piped water. Finally, for 2011, the variable h9a indicated water connection as to 1 = local public network, 2 = Israeli network, 3 = rain water, 4 = bridges, 5 = tank, 6 = others.
Empirical Strategy
Using the example of India, Bertrand et al. (2004) have shown that it is not at all an easy task to measure the impact of a dam on poverty rates, simply because dams are not built at random.
There are configurations where it is easier to build a dam, thus the decision to build a dam can be made endogenous because richer regions have more funds. In addition, the effect of a dam is positive downstream and negative upstream.
We have a somewhat similar case here. The wall was not built at random, but mainly in rich areas. So, even after the wall construction, poverty is still less significant in the impacted districts than in the un-impacted districts. Stylised facts have shown that the population was affected by the wall in very diverse ways. So simply introducing a dummy variable in a regression explaining the log of the income-to-needs ratio is not the correct way to proceed. 4 If we introduce that variable in such a regression as displayed in Table 5 , we get an estimated positive coefficient both for 2004 and for 2011. The wall variable simply confirms that the wall was built in richer regions. We had a first very simple evaluation, using the evolution of poverty as given in Table 2 . What needs to be shown is the effect that the wall had on poverty dynamics, which means poverty persistence and poverty exit. We have to develop a specific model for this purpose. 
A Model of Poverty Dynamics in Repeated Cross-Sections
We propose a model for inference on poverty dynamics when the data are only in the form of repeated cross-sections, using a Bayesian approach. The Bayesian approach is particularly suited here because repeated cross-sections can be seen as an incomplete data problem. We first review the classical literature on poverty dynamics and on repeated cross-sections in order to formulate a model in terms of latent variables. We then present inference procedures to measure the impact of the wall on poverty dynamics.
Literature
The literature on poverty dynamics has much more recent roots than that of income dynamics. The founding papers were Lillard and Willis (1978) and Bane and Ellwood (1986) . The former proposes a Markov chain model of income transitions. The latter is attached to the modelling of the length of poverty spells and the probability of exiting poverty. However, it is concerned only with head-count poverty and requires rather long panels. Rodgers and Rodgers (1993) still rely on long panels, but can distinguish between the three aspects of poverty (incidence, intensity and inequality) and propose a decomposition between chronic and transitory poverty. Cappellari and Jenkins (2004) tackle the question of attrition when measuring poverty dynamics, building a three equation model. The first equation explains the probability that an individual observed at time t − 1 can still be observed at time t. The second equation explains the marginal probability of being in poverty at time t − 1. The last equation explains the conditional probability of being in poverty at time t when in poverty at time t − 1.
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The income-to-needs ratio is defined as the ratio between equivalised household total consumption and the official poverty line.
A key parameter is the correlation ρ of the error terms between t and t − 1. This model is essentially a dynamic probit model with selection bias. It serves to explain poverty persistence and exit from poverty. Dang et al. (2014) have the same concern, but using a rather different strategy based on linear regressions (and not on probit models) explaining consumption or income. Their main originality is that they deal with repeated cross-sections instead of true panels, using time invariant explanatory variables to link two periods. However, Dang et al. (2014) could only provide bounds for poverty persistence and poverty exit probabilities as ρ is not identified in their model.
Modelling Poverty Dynamics Using Panel Data
We first develop a model inspired by Cappellari and Jenkins (2004) , estimating poverty persistence and exit from poverty, assuming provisionally that we have a balanced panel over two periods, 1 and 2 (2004 and 2011 in our case). In a next sub-section, we shall adapt this model to repeated cross-sections. The main variable that we have to explain is the log of the income-to-needs ratio log(y i1 /z 1 ) where y i1 is the income of individual i in period 1 and z 1 is the poverty line applicable in time period 1. The following regression provides information on the initial state:
Individual i is in a state of poverty if log(y i1 /z 1 ) < 0. If the error term is Gaussian with zero mean and variance σ 2 1 , the marginal probability of being poor in the initial period for individual i is equal to Φ(−x i,1 β/σ 1 ) = 1 − Φ(x i,1 β/σ 1 ). As we are interested in a transition probability between periods 1 and 2, given the observed state in period 1, we define the dummy variable d i,1 :
where 1(a) is the indicator function equal to 1 if a is true and 0 otherwise. The income-to-needs ratio for the second period can now be explained by the observed past state of poverty d i,1 and by some other exogenous variables w i,1 related to the initial state and influencing the next state. The effect of w i,1 should be allowed to be different, depending on the nature of the previous state. So the equation explaining the income-to-needs ratio in period 2 is:
where w i,1 is a set of exogenous variables observed in period 1, containing x i,1 and at least another variable. The error term u i,2 is assumed to be Gaussian with zero mean and variance σ 2 2 . The two error terms are correlated over time with Corr(u i,2 , u i,1 ) = ρ for the same individual i and independent between two different individuals. In the model of Cappellari and Jenkins (2004) , ρ is identified only if w i,1 has an element which is not in x i,1 .
Let us define a second dummy variable for period 2:
Following Cappellari and Jenkins (2004) , poverty persistence is defined as the state of being poor in period 2 while having being poor in period 1. Its probability is given by:
which corresponds to the ratio between a joint probability and a marginal probability, Φ 2 being the bivariate Gaussian cumulative distribution. Poverty entry is defined in a similar way as:
Estimating model (1)- (3) is quite simple if we observe the same individual over the two periods. Poverty persistence and poverty exit are just simple transformations of the estimated parameters. However, of course we need a true panel, which of course is not the case here. We have only repeated cross-sections, which makes the problem more complex.
Poverty Dynamics and Repeated Cross-Sections
Feasible panel data sets are not so common, especially in developing countries and so techniques have been found in order to retrieve information from repeated cross-sections. Deaton (1985) first proposed to take means inside cohort clusters defined by time invariant instrumental variables (following the terminology used in Verbeek 2008). However, this approach can lead to a substantial loss of information. An alternative approach was taken in a series of papers, mainly Dang et al. (2011); Dang and Lanjouw (2013) and Dang et al. (2014) , following an initial idea of out-of-sample imputation of Elbers et al. (2003) . Let us consider again two periods, and two samples coming from the same population. The starting point is a two-equation model explaining the log of the income-to-needs ratio as before, denoted y here for simplicity of notation, for period 1 and period 2:
There are n = n 1 + n 2 individuals with i = 1, . . . , n 1 and j = n 1 + 1, . . . , n, so that there is no overlapping between the two periods or if there is, we do not know which individuals are present in the two periods. So initially it would seem there is no clear link between these two equations, apart from the fact that the two samples are drawn from the same population, while i and j do not concern the same observed individuals or households. The first link that is introduced between the two samples is that x i,1 and x j,2 are time invariant exogenous variables and so it is clear that x i,1 = x i,2 and x j,1 = x j,2 . The idea used in Dang et al. (2014) is to simulate values for the missing individuals in one of the two periods. Because both y i and y j are drawn from the same population and are functions of the same time invariant exogenous variables, we can simulate for instance the unobservedỹ i,2 , using x i,1 β 2 . So having estimated separately the two equations in (7) and (8), Dang et al. (2014) define the event of entering a state of poverty as the joint event of not being poor at time 1 and being poor at time 2. This joint probability is given by:
Pr(y j,2 < 0 and y i,1 > 0) = Pr(u j,2 < −x j,2 β 2 and u i,1 > −x i,1 β 1 ).
This probability is a function of the joint distribution of (u i,1 , u j,2 ) with a coefficient of association ρ ≥ 0. If ρ = 0, then mobility attains its upper bound. If ρ = 1, then mobility reaches its lower bound. A positivity assumption for ρ is justified on the basis of household fixed effect and the persistence of shocks. However, apart from this prior restriction, ρ is not identified because the two equations in (8) are totally symmetric. Without further assumptions, Dang et al. (2014) can propose only bounds for poverty transition probabilities. Assuming a Gaussian distribution for the error terms, the probability of entering poverty becomes:
where the four quantities β 1 , σ 1 , β 2 and σ 2 have been estimated directly from the two equations of the initial model. A set of values for ρ has to be picked in the interval [0, 1] in order to compute (10). We should point out the main differences between the model of Dang et al. (2014) and our first model (1)-(3) based on Cappellari and Jenkins (2004) . Our first model is fundamentally asymmetric whereas the model of Dang et al. (2014) assumes a perfect symmetry. Entering poverty in (6) is normalised by the probability of the initial state. The probability of entering poverty in (10) depends essentially on the differences between β 1 and β 2 and the differences between σ 1 and σ 2 . There is no way of including the effect of the wall, except in a symmetric way in x j,2 . In addition, in Section 3.2, we have seen that to do so was not a reasonable solution.
Repeated Cross-Section as an Incomplete Data Problem
We want of course to treat the problem in a different way and show that a repeated cross-section is fundamentally an incomplete data problem. In a full data model, unobserved individuals in period 1,ỹ j,1 and the unobserved individuals in period 2,ỹ i,2 are treated as latent variables so that we have n = n 1 + n 2 individuals (observed and unobserved) for each period. Formally, this means:
Period 2 y j,2 = x j,2 β 2 + u j,2 ,
For instance y j,2 represents the observed group in period 2 whileỹ j,1 represents the same group being unobserved in period 1. The assumption that x does not vary over time (variables such as age, sex, religion, localisation,...) implies that x i,2 = x i,1 and that x j,1 = x j,2 . This is an identification assumption that will allow us to make inference in this model. The second identification assumption is that the parameters are constant over all the individuals within the same period. Let us now discuss the joint distribution of the four error terms which are (ũ j,1 , u i,1 , u j,2 ,ũ i,2 ). We assume that it is Gaussian with zero mean and variance-covariance matrix Σ. This matrix has a particular structure which results from the following very simple assumptions. We have assumed that within each period, the two error terms (corresponding to observed and to latent variables) have the same variance for identification reasons. We assume now that the individuals are not correlated, which means that there is no spatial correlation, simply because our data are not informative on that dimension. The important parameter to specify is the correlation ρ between two income observations for the same individual over the two periods. If we translate these assumptions into mathematical terms, we have:
Corr(u j,2 ,ũ i,2 ) = 0, which leads to the following variance-covariance matrix:
So even if (13) has a block diagonal structure, this does not mean that we have imposed restrictions that could be testable. Dang et al. (2014) have chosen to simulate only one of the two latent variables, considering one of the two distributions,ỹ j,1 |x j,2 orỹ i,2 |x i,1 , treating thus the two periods independently. For instance, for the first period, they are using:ỹ j,1 |x j,2 ∼ N x j,2 β 1 , σ 2 1 .
By doing so, they loose a part of the available information. We prefer first to simulate bothỹ j,1 andỹ i,2 , and second to condition on all the other variables, so as to take into account the between periods correlation. Due to the particular structure of matrix (13), we have however the simplification p(ỹ j,1 |x j,2 , y i,1 , y j,2 ,ỹ j,2 ) = p(ỹ j,1 |x j,2 , y j,2 ):
which means that it is necessary to condition only on the observed variables when simulating the latent variables. Conversely, for simulatingỹ i,2 , we have:
Equations (15) and (16) will be our basic tools to simulate the missing observations and thus build a completed panel. So despite the apparent restrictive structure of (13), the simulation of the latent variables takes into account as much information as possible.
A model written as an incomplete data problem leads logically to a Gibbs sampler. Missing observations are generated conditionally on values of the parameters which are then reevaluated conditionally on the simulated missing variables. However in our case, things are not as simple as that. The identifying assumptions x i,2 = x i,1 and x j,1 = x j,2 provide information for both the regression coefficients β i and the latent variables. For the present we have no specific source of information for the correlation coefficient ρ while it is needed for simulating the latent variables. We need to provide an extra source of information and this will be the object of Section 4.6. It is important to remember that Dang et al. (2014) provide only bounds for ρ.
Inference on the Regression Parameters
Conditional on simulated values for the latent variables, our two period regression model with variance-covariance matrix (13) corresponds to a simple SURE (Seemingly Unrelated Regression) model. In Bauwens et al. (1999, Chap. 9) , it is shown how Bayesian inference in a SURE model can be done using a Gibbs sampler for estimating jointly the regression parameters and the correlation structure. We can also decompose inference into two stages: the regression parameters on one hand and the correlation structure on the other hand. For that purpose, we decompose Σ as given in (13) into the product of two diagonal matrices S containing σ 1 and σ 2 , sandwiching a correlation matrix R, so that Σ = S R S, following a suggestion made in Barnard et al. (2000) . In our case, these matrices are:
Let us now factorise the product S R S = P P using a Choleski decomposition. We then form the matrix L = S P −1 which is equal to:
If we pre-multiply our system of four equations by L, the matrix of variance covariance of the error terms will be transformed into a diagonal matrix:
meaning that we can make inference on the two blocks separately. Let us pre-multiply our model (11) and (12) by L. Due to the particular structure of L, the model for the first period is left unchanged:
with v j,1 =ũ j,1 , v i,1 = u i,1 . The model for the second period is modified into a conditional model with:
with ω = σ 2 /σ 1 and
Let us now define the following matrices with n = n 1 + n 2 rows so as to write our model in a matrix form:
whereỹ 1 , y 1 are respectively two vectors of dimension n 2 and n 1 (y 2 ,ỹ 2 are of dimension n 2 and n 1 ) and X 2 , X 1 are two matrices with corresponding number of rows n 2 and n 1 . Our model for the first period can be written as:
and Bayesian inference on its regression parameters can be done separately from inference on the other parameters. Because the model is symmetric between the two periods, we can adopt the reverse ordering for the Choleski decomposition, obtain another matrix L and consider for period two the symmetric model:
So conditional on the simulated values for the latent variables, the two regression models (19) and (20) can be analysed separately. Under a non-informative prior, the posterior densities of β 1 |σ 2 1 and β 2 |σ 2 2 are two conditional normal densities while those of σ 2 1 and σ 2 2 are two inverse gamma2 densities with: 5 5 See Bauwens et al. (1999, Appendix A) for a definition of the densities used.
where ν * = n, M * = X X and:
We have the needed formulae for conducting Bayesian inference on the regression parameters, conditional on the simulated values for the latent variables. We must now detail how to make inference on the correlation parameter ρ.
Inference on Correlation
Returning to the remaining equations in the system (17) and (18) where ρ appears explicitly, let us multiply them both by 1 − ρ 2 , rearrange the terms and adopt a similar matrix notation as before. We get:
where v 2 is defined in (20) with zero mean and variance-covariance matrix σ 2 I n . From the previous step, we have knowledge of β 1 , β 2 , ω and σ 2 2 . So in theory we could recover information on ρ using this regression which is nothing but a regression of the residuals from the period 2 model on the residuals from period 1 model. However, things are not as simple as that, because in fact no new information is brought in by this autoregressive model which only compares observations to their simulated counterpart (ỹ i,2 to y i,1 and y j,2 toỹ j,1 ). We have to find a source of extra information. Verbeek and Vella (2005) and Verbeek (2008) have proposed to use the grouping technique of Deaton (1985) for making inference in autoregressive pseudo panel models, using the fact that taking group averages is equivalent to IV estimation with the group dummies as instruments. We shall use time invariant information such as birth date and gender as instruments to determine c = 1, . . . , C cohorts and then compute the cell means of each vector or matrix of observations. We collect these C cell means into new vectors noted y 2,c , y 1,c having each C rows and two new matrices X 2,c , X 1,c with also C rows. They correspond respectively to the C cell means of y 2 , y 1 and of X 2 , X 1 . Let us now define the following vectors and matrices:
which all have 2 × C rows. Let us rearrange (25) into:
We then replace in (27) ys 2 by yc 2 , ys 1 by yc 1 and X by Xc so as to get:
When comparing (28) to (27), we see that we have replaced y 2 by y 2,c , but alsoỹ 2 by the same y 2,c . A similar replacement was done for the endogeneous variable of the first period. This means that we have replaced latent variables by observed cell means. 6 This model can be simplified if we consider the deviation matrix M X = I C − Xc(Xc Xc) −1 Xc . Let us pre-multiply (28) by M X to get:
We shall use (29) to get information on ρ, assuming that ω was determined in the previous step. 7 With (29), we have an autoregressive regression model where inference can be conducted in a simple way, conditionally on ω. We assume that the error term M X u c is of zero mean and variance-covariance matrix σ 2 3 I 2C . It is interesting to introduce the possibility of an informative natural conjugate prior for ρ. We consider the following prior information:
The conditional posterior density of ρ|σ 2 3 is a normal density and that of σ 2 3 is an inverse gamma2 density with:
where:
The parameter ρ has to be constrained to a specific range. It has to be strictly less than 1 for stability reasons and Dang et al. (2014) have shown that it has to be positive. So we have to constraint ρ ∈ [0, 1]. Consequently, we shall not draw ρ directly from its conditional posterior density p(ρ|σ 2 3 , yc 2 , ω), but from this posterior density truncated between 0 and 1.
A Separate Dynamic Equation for Implementing a Diff-In-Diff Strategy
The last equation we have to discuss corresponds to (3) where we introduce the effect of the wall in the second period. We have to suppose that the households impacted by the wall do not change over the two periods, which means that the wall is a time invariant variable (even if its effect is diluted over time) and that the households do not migrate (we shall document that point later). Let us call W the vector containing the index of the impacted households by the wall in period 1 and in period 2. Let us define a random dummy variable d 1 which indicates for period 1 if a household was in a state of poverty or not:
This variable is a function of all the parameters because ys 1 contains simulated values of a latent variable. We can then specify our last equation to estimate as being:
6
As a matter of fact, it would be quite difficult to define cell means for the simulated values of the latent variables.
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Expressed in a totaly different way, we could find a similar idea in Dang and Lanjouw (2013) .
with u being Gaussian with zero mean and variance-covariance matrix σ 2 u I n . It can be put in a matrix form if we define:
The posterior density of δ in the regression ys 2 = Zδ + u has the usual form under a non-informative prior:
with ν * = n and
We propose to measure the effect of the wall on poverty dynamics by a diff-in-diff strategy. Poverty follows its own trend which can be measured by a transition matrix, as we were able to simulate the income-to-needs ratios, ys 1 and ys 2 , for the two periods, using (15) and (16). The corresponding matrix of marginal poverty transition is defined as:
with rows summing to one and generic element p ij . p 11 is the probability of staying in a state of poverty between periods 1 and 2 while p 21 is the probability of entering poverty in period 2. For each draw l of the parameters, this matrix can be evaluated as:
1 is defined in (32) with ys 1 being replaced by ys
2 is defined accordingly for period 2. These dummy variables indicate for the two periods and for each draw if an household is in a state of poverty or not. As they are computed for each MCMC draw of the parameters, p 11 and p 21 are estimated by averaging over the MCMC output.
These marginal probabilities are modified when we take into account the wall effect by means of the dynamic conditional model (33). With the Gibbs output for γ 1 and γ 2 , we can evaluate the vectors of poverty persistence s 2 and poverty entry e 2 . More precisely, for poverty persistence, we have:
which corresponds to the ratio between a joint probability and a marginal probability, Φ 2 being the bivariate Gaussian cumulative distribution. While for poverty entry, we get:
If we impose the restriction γ 1 = 0, then p 11 = s 2 , while the restriction γ 2 = 0 would imply p 21 = e 2 . Consequently the net effect of the wall is measured by the influence of γ 1 and γ 2 and is obtained by computing the posterior density of the two differences: s 2 − p 11 for the effect of the wall on poverty persistence; e 2 − p 21 for the effect of the wall on poverty entry.
Summarised Gibbs Sampler Algorithm
Inference on β 1 , σ 1 , β 2 , σ 2 , ρ and δ = (γ 1 , γ 2 , β 3 ) is provided by a Gibbs sampler for which we have found all the conditional posterior densities. We summarise the whole process in the following Gibbs sampler algorithm:
Define starting values for:
β 2 , σ 2 obtained using OLS on y 2 = X 2 β 2 + v 2 . 3.
compute ω = σ 2 /σ 1 . 4.
determine cohort cells means for y 1 , y 2 and X 1 , X 2 . 5.
compute yc 1 , yc 2 , X c and M X . 6.
ρ obtained using OLS on M X yc 2 = ρ M X yc 1 ω + u c .
Start iterations for the Gibbs sampler over l = 1, . . . , m:
1. simulate the latent variablesỹ j,1 andỹ i,2 , given ρ (l−1) , β
, ω (l−1) using (15) and (16) so as to form ys
1 and ys
2 and σ
2 using the posterior densities (21)- (24), corresponding to the full marginal models for periods 1 and 2, compute ω (l) = σ 2 . 6. draw δ (l) using the posterior densities (34) and (35).
evaluate the probabilities s (l)
2 and e (l) 2 defined in (36) and (37), using bivariate cumulative Gaussian routines and compute the differences s redo the loop.
From this MCMC output, we can produce graphs of the posterior density of poverty entry and poverty persistence. All computations were done in R, using the packages truncnorm for drawing from a truncated normal and pbivnorm for the bivariate Gaussian cumulative.
Empirical Results
The general setting is as follows. We have chosen gender of the household head, age, age squared (divided by 10), urban, camp and Jerusalem as time invariant explanatory variables to generate the pseudo panel. We have excluded the level of education from this list as there are missing observations in the second period for this variable. We have used the year of birth and gender to define the cohorts in the model for ρ. We used 25 classes for the year of birth of male household heads and only 10 classes for female heads who are smaller in number. Year of birth classes are determined using quantile intervals. This made 35 classes and 70 observations for the double regression (28). We ran a specification search for this regression, retaining as explanatory variables sex, age, age 2 , urban, refugee camp. We used an informative Gaussian prior for ρ|σ 2 3 for which we have chosen E(ρ) = 0.50 and SD(ρ) = 0.50. The corresponding prior on the variance of the error term is an inverse-gamma2 for which we have chosen ν 0 = 10 and s 0 = 2. This is a rather mild prior, but we shall provide a sensitivity analysis. We used non-informative priors for the remaining parameters of the model.
Marginal Models and Poverty Dynamics
With 10,000 draws for the Gibbs sampler and 500 additional draws for warming up the chain, the posterior moments of ρ are 0.399 for the mean and 0.017 for the standard deviation, using our informative prior. If we had used a non-informative prior on ρ, the posterior mean would have been 0.297 and the posterior standard error 0.013. The graph of the posterior density given in Figure 1 clearly indicates the sensitivity of this parameter to the given prior information, even when the latter is mild. However, we shall see that the final result (entry in poverty and poverty persistence) is much less sensitive to the prior specification. The posterior moments of the parameters of the two marginal models that are used to generate the pseudo-panel are displayed in Table 6 . Inference results change between the two periods. In particular the influence of the variables sex, age and urban is weakly determined for the second period. Using a non-informative prior on ρ would change slightly the posterior expectation of ρ as indicated above, but would not change strongly the other regression parameters. We must note that a usual regression model for explaining the income-to-needs ratio would include many other covariates such as household size, dependency ratio, sources of income. However, these are not time invariant and because we are in a pseudo panel context, we cannot use these variables.
From this model, we can estimate the matrix of marginal probability transitions between the two states of poverty and non-poverty in the absence of a specific modelled effect of the wall. This result, as displayed in Table 7 , is in a way comparable to what could be computed from the approach of Dang et al. (2014) , except that we have normalised the transition matrix when they have not and that we have estimated ρ while they have given only bounds. The probability of poverty entry is equal to 0.109 while the probability of poverty persistence is 0.319 which are both rather low values. This might be due to omitted variables. Of course the wall effect is not present in this marginal model, but are also missing the impact of other restrictive measures set up by the Israeli government, some examples of which were reported in the introduction. However, we are interested in measuring the difference in poverty dynamics between an hypothetical situation described by our marginal models and a situation where the wall is introduced. So the variables which are omitted both in Tables 6 and 8 should not impact too much the difference in poverty dynamics measured by γ 1 and γ 2 . These results were obtained with the informative prior E(ρ) = 0.50 and SD(ρ) = 0.50 and a non-informative prior on the remaining parameters. Mean is the sample average of the draws, SD means standard deviation of the draws and Ratio is the mean divided by the SD. These results were obtained with the informative prior E(ρ) = 0.50 and SD(ρ) = 0.50 and a non-informative prior on the remaining parameters. Mean is the sample average of the draws, S.d. means standard deviation of the draws and Ratio is the mean divided by the S.d.
State Dependence and Wall Effect
Let us now examine inference results for the transition model, which takes into account the influence of the wall and of state dependence. Results are displayed in Table 8 . The state dependence effect, which corresponds to the wall effect while being in a poverty state in period 1, has a marked negative effect. The value of γ 2 is positive and strongly significant. Both are going to alter the probabilities of poverty persistence and poverty entry. The main determinants of poverty dynamics are being in a camp and living in Jerusalem, which are too opposed situations.
There are various types of endogeneity problems that could affect inference on γ 1 and γ 2 , on top of the effect of omitted variables. First, the construction of the wall might have had a general equilibrium effect. However, a Keynesian effect focusing on the demand side seems more realistic for these areas that have almost no production and where consumption is mostly dependent on imports of Israeli goods. Production in areas located beside the wall is mostly for self-consumption. Second, a selection bias could occur if the prospect of the construction of the wall had induced potentially affected people to move. However, the West Bank is a small area (around 5300 square km) which makes internal migration more costly than daily transportation, especially because we are taking into account only localities located in the inside of the West Bank side of the wall. Moreover, PCBS (2010) gives evidence that internal migration is minimal in the West Bank; only 24.4% of Palestinians have changed their place of residence in the previous 6 years (2004) (2005) (2006) (2007) (2008) (2009) (2010) . Among those who migrated only 3% had done that due to the wall's construction or due to measures of the Israeli occupation forces. 8 In Table 9 , we recall in the top panel the marginal probabilities of poverty entry and persistence as obtained from the two marginal models. The second panel provides the same quantities obtained using (36) and (37) using the estimated values of γ 1 and γ 2 . In the bottom panel of Table 9 , we compute the difference between the two types of probabilities which provides a measure of the impact of the Wall on poverty dynamics. Taking into account the wall has a large effect on poverty dynamics. For those who were already poor in period 1, the wall increases their probability of staying poor by 58 percentage points. For those who were not in poverty, the probability of entering into poverty during the second period is increased by 18 percentages points.
We have reproduced in Figure 2 the posterior densities of these probabilities, using plain lines. We compare these probabilities to those obtained under a non-informative prior on ρ, using dashed lines. With a non-informative prior on ρ, the differential in probability of poverty entry is slightly increased while the differential in poverty persistence is slightly decreased. However, these differences are mild. So the prior information we gave had a sizable influence on the posterior density of ρ, but not on the posterior density of poverty entry and persistence differentials. Figure 2 . Posterior density of poverty persistence and poverty entry differentials due to the Wall. 8 We are grateful to a referee for pointing out the potential problems of endogeneity.
Convergence Checks
Convergence of the Gibbs algorithm was checked for our evaluation of poverty persistence and poverty entry after the wall. We used normalised CUMSUM plots, used for instance in Bauwens and Lubrano (1998) . Figure 3 shows that with only 2000 draws and 500 draws for warming up of the chain, we get already a good convergence for the final estimators, well within the 20% confidence band. In addition, for 10,000 as we used, convergence is more than satisfactory. 
Conclusions
Governments have always been tempted to build walls to solve problems confronting them. The first historical example is the Great Wall of China, the building of which started three centuries B.C., soon followed by the Hadrian Wall in Scotland built by the Roman Emperor Hadrian. These walls were designed to keep others out of the frontiers. In the Twentieth century, the meaning of the Wall in Berlin was different, the aim being to keep people in. The destruction of this wall was synonymous of freedom regained. Following Cohen (2006) , the aim of the wall built by the Israeli government is to keep people both in and out. We can note that this wall is by no mean an exception in the world, witness the long list detailed in David (2012a, 2012b) showing their exponential increase since the fall of Berlin wall. However, no other wall has been subject of so many emotional reactions as underlined by Cohen (2006) . It is certainly because its route "harms Palestinians to a disproportionate degree." However, the same author concludes his paper by the following sentence: "Perhaps then, in the context of a negotiated settlement between Israelis and Palestinians, it can join other famous walls in becoming obsolete." This statement finds some grounds in the results of Longo et al. (2014) who exploited a natural experiment based on a 2009 policy toward the "easement" of checkpoints in the West Bank. They found, using a diff-in-diff approach that "easement" made the treated populations less likely to support violence.
We have shown empirically that the wall had a large impact on poverty dynamics in the West Bank. This result was obtained using pseudo panels and a Bayesian approach. The method we propose provides a coherent way of simulating unobserved values, stating the question in the framework of incomplete data problems. It resulted in a Gibbs sampler from which we could provide inference for two different types of probabilities concerning poverty entry and poverty persistence. These different types come from the distinction between a marginal model and a conditional model taking into account state dependence, or phrased differently taking or not into account the previous state of poverty. In our model, we allow the wall to have a different effect, depending if the household was poor or not during the previous period. We identified a clear different effect which allows us to evaluate how the dynamics of poverty was impacted by the wall. We have documented a rather weak effect of 1.50% using a simple diff-in-diff approach when examining stylised facts and no panel structure. With a much more elaborated model using pseudo panels, we could extract more precise information from our sample which led to measuring an increase of 18 percentage points for poverty entry and of 58 percentage points for poverty persistence. In addition, these results were quite robust to the specification of the prior used for ρ. However, we must note that these results are dependent of important identification assumptions which are not testable. It would be interesting to have a true panel in order to be less constrained in the specification of the model in order to check the accuracy of our evaluation of the impact of the wall on poverty dynamics. 
